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Tea shoot recognition based on transfer learning
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Abstract: In response to the current difficulty in tea picking and the insufficient accuracy of traditional sprout recognition. To develop a
tender shoot recognition algorithm suitable for different varieties and environments. A deep learning training dataset is constructed by
collecting a large number of tea images. Three object detection neural network models, CornerNet, YOLOv7, and Faster RCNN are
selected for training and testing one shoot and one leaf samples. Transfer learning methods are incorporated into these models to enhance
their generalization ability. The recognition results of different network models are compared and analyzed. The results show that the TL-
YOLOV7 network model demonstrated the best performance in identifying one shoot and one leaf. The AP value for identifying tender buds
in different varieties, lighting conditions, and time periods reached 95. 3%, along with a recall rate of 92. 9%. The detection time for each
image is 0. 017 seconds. Therefore, it can be concluded that the TL-YOLOvV7 network model can effectively recognize tea leaf shoot and
demonstrate good adaptability under different conditions.
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Fig. 1  Transfer learning process for tea shoot recognition
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Tab.2 Comparison of AP values between the original models

and the transfer learning models

AP/ %
o 45 A A
IR A TR
CornerNet 40.8 45.6
Faster R-CNN 68.2 79.4
YOLOv7 84.7 95.3

Zoad i Beni ), 3 P 5 ARG S I 2 R U R R
JHH i, Hirh TL-CornerNet W 45 #55 BU 42 F+ T 4. 8%, TL-
Faster R-CNN M Z8#:RHETF T 11. 2% , TL-YOLOv7 W £ 45
RIBETET 10. 6%, U6 IEFE 2% 2T REXTAS I C2E i U i

J
:

i

(a) TL-CornerNet

(b) TL-Faster R-CNN

ESIpAY S Al

TL-CornerNet . TL-Faster R-CNN # TL-YOLOv7 %f—Z%f
— AT PN AR AN E 2 FrR, TL-YOLOv7 45458 54
Xof—ZF— AT BT A RO BRI | MG 0 2 RNl R i35 4388
PHRY I BE BRI 2] . TL-Faster R-CNN R %48 1 % H
B BRI 1t 1 R 5, 15 SRR S 2E . TL-CornerNet
FEEBCR R ZE XA N T HAE N gt # v, B4 His#f 2
FEROREL ) R Op al N ER N SEUR RSk O Ml PO
H AR ) S 5 7 A DR DR I 28 A il — BN TE A 119 0 S
HE, 258 %8, TL-YOLOVT MZSAS R 2 3 i 24 o %o —
ZE— i1 B 25 A PR BE R w8 2% B B BT X TL-
YOLOv7 P £85E A4 1R B 45 R AT 43 2K 1 .

(¢) TL-YOLOv7

2 3 MM HIT—F—IIRAIRA

Fig.2 Example of one shoot and one leaf identification by three kinds of networks
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